The cerebrospinal fluid (CSF) pulse in the Aqueduct of Sylvius (aCSF pulse) is often used to evaluate structural changes in the brain. Here we present a novel application of the general linear model (GLM) to predict the motion of the aCSF pulse. MR venography was performed on 13 healthy adults (9 female and 4 males-mean age = 33.2 years). Flow data was acquired from the arterial, venous and CSF vessels in the neck (C2/C3 level) and from the AoS. Regression analysis was undertaken to predict the motion of the aCSF pulse using the cervical flow rates as predictor variables. The relative contribution of these variables to predicting aCSF flow rate was assessed using a relative weights method, coupled with an ANOVA. Analysis revealed that the aCSF pulse could be accurately predicted (mean (SD) adjusted r 2 = 0.794 (0.184)) using the GLM (p < 0.01). Venous flow rate in the neck was the strongest predictor of aCSF pulse (p = 0.001). In healthy individuals, the motion of the aCSF pulse can be predicted using the GLM. This indicates that the intracranial fluidic system has broadly linear characteristics. Venous flow in the neck is the strongest predictor of the aCSF pulse.
Introduction
The cerebrospinal fluid (CSF) pulse in the Aqueduct of Sylvius (AoS) (the aqueductal CSF (aCSF) pulse) is closely linked with the motion of the lateral ventricles [1] and can be used as a surrogate measure of brain tissue 'stiffness' [2] . As such, the aCSF pulse is often measured in order to evaluate structural changes that may occur in the brain parenchyma. Numerous studies have found increased pulsatility of the aCSF to be associated with multiple sclerosis (MS) [3] [4] [5] [6] [7] , normal pressure hydrocephalus (NPH) [8] [9] [10] [11] [12] [13] , and white matter (WM) alterations [14, 15] , suggesting that increases in the amplitude of the aqueductal pulse may be linked to pathological changes.
It has been shown that the dynamics of the aCSF pulse are influenced by the patency of the cerebral venous drainage vessels [16] , with compression of the internal jugular veins (IJVs) leading to: (i) accumulation of blood in the cortical veins [17] ; (ii) increased brain tissue 'stiffness' [2] ; and increased aCSF pulse amplitude [2] . As such, a relationship exists between the intracranial fluid dynamics and blood flow in the neck. This is because the cranium is a rigid container and the parenchymal tissue and fluids enclosed within it are incompressible [18] . Consequently, it is possible to characterize the behaviour of the various intracranial fluids by interpreting fluid flow signals acquired from the arterial, venous and CSF vessels in the neck [19] [20] [21] [22] . Given this, we hypothesized that it should be possible to predict aCSF motion from the extracranial arterial, venous and CSF flow rate signals. Therefore, we designed the 'proof-of-concept' pilot study presented here, in which we used the general linear model (GLM) to predict the motion of the aCSF pulse. The primary aim of the study was to test whether or not a statistical linear model could accurately predict the motion of the aCSF pulse using only data acquired from the vessels in the neck. As a secondary aim, we also wanted to identify the cervical flow signals (i.e., arterial, venous or CSF) that best predicted the motion of the aCSF, as this might assist in better understanding the factors that influence the motion of the CSF in the AoS. As such, we hoped to gain new insights into the physiology of the intracranial fluidic system in healthy individuals. Furthermore, we anticipated that the model might be a useful tool for identifying changes in the dynamics of the intracranial fluidic system that could be of clinical importance.
Materials and Methods

Subjects
Thirteen healthy adults were enrolled in the study. Because the prevalence of diseases such as Alzheimer's disease and vascular dementia, which are associated with brain atrophy [23] , greatly increases over the age of 65 years [24] , inclusion criteria were age <65 years and a normal neurological examination. Exclusion criteria were: history of neurological, cardiovascular or metabolic disorders and abnormalities on brain anatomical MRI.
The study was approved by the local Ethics Committee of Don Gnocchi Foundation (Milan, Italy) and a written informed consent was obtained from all subjects prior to study entry.
Magnetic Resonance Acquisition and Processing
Brain and neck MRI were acquired from all subjects, using a 1.5 Tesla scanner (Siemens Magnetom Avanto, Erlangen, Germany), equipped with an 8-channel head coil and a 4-channel neck coil. The acquisition protocol consisted of brain anatomical scan and neck vein morphological and hemodynamic sequences. First, brain and neck T1-weighted localizer, were acquired for the slice positioning of the subsequent sequences. Then, brain 2D dual-echo turbo spin echo allowed us to assess any anatomical abnormalities (TR = 2,650 ms, TE = 28/113 ms, echo train length = 5, flip angle = 150 • , 50 interleaved, 2.5-mm-thick axial slices with a matrix size = 256 × 256, interpolated to 512 × 512, FOV = 250 × 250 mm). The neck vein morphology was assessed using a 2D time-of-flight (TOF) MR venography of the neck, with a saturation band positioned caudal to the 128 axial slices (in-plane resolution = 0.5 × 0.5 mm 2 , slice thickness = 3 mm, distance factor between subsequent slices = −20, FOV = 256 × 192 mm 2 , TR = 26 ms, TE = 7.2 ms, flip angle = 70 • ). Maximum intensity projection (MIP) was performed for the visualization of the veins with sagittal and coronal views. The MIPs allowed us to position the following sequence and to evaluate the morphology of the IJV and secondary drainage routes. Finally, arterial and venous flows through the main cervical vessels, CSF flow between the second and the third cervical vertebrae (C2/C3 level) (cCSF) and aCSF were assessed using three retrospective cardiac gated 2D PC MRI. The sequence parameters were respectively (blood/cCSF/aCSF): TR = 33.75/30.2/30.2 ms, TE = 5.11/7.6/7.6 ms, flip angle = 30 • /10 • /10 • , matrix size = 288 × 384/256 × 256/256 × 256, pixel size = 0.67 × 0.67/0.62 × 0.62/0.45 × 0.45 mm 2 , slice thickness = 4/4.5/4.5 mm, and maximum encoding velocity Venc 60//15/15 cm/s. A finger pulse oximeter was used in order to reconstruct different time points in the cardiac cycle (CC), depending on the heart rate frequency. The slice of the PC sequences were positioned perpendicularly to the flow of interest: for the cervical blood flow, the sagittal neck localizer ( Figure 1A ) and the sagittal and coronal TOF MIP on the images ( Figure 1B ,C) were used for positioning the PC slice at the C2/C3 level perpendicularly to the IJVs ( Figure 1A ,B,C); for the cCSF flow the sagittal neck localizer was used for positioning perpendicularly to the spinal canal at C2/C3 level ( Figure 1A) ; for the aCSF flow the sagittal T1-weighted brain localizer was used ( Figure 1D ) for positioning perpendicularly to the AoS. The flow data were processed with FlowQ software, an in-house program written in MATLAB (The Mathworks, Natick, MA, USA), with the methods described in [25] by a single trained examiner. Briefly, for every PC sequence, the processing consisted in manually drawing two kinds of regions of interest (ROIs) on the magnitude and phase images. The first one was placed in the structures of interest for their flow quantification, and the second one consisted of at least three ROIs in stationary structures near to the structure of interest, for the estimation and removal of the phase offset. The IJVs, vertebral veins (VVs), deep cervical veins (DCVs), internal carotid arteries, and vertebral arteries were segmented on the PC images with Venc = 60 cm/s (Figure 2A,B) . The contours were drawn in the first time point and copied for every time point in the CC, manually adjusting them if needed. When we visually detected a ROI that was affected by phase aliasing, pixel phase values were corrected with the algorithm described in a previous work [26] . Briefly, the FlowQ software performs phase unwrapping evaluating the phase value inside the vessel during the whole CC, detecting the phase values lower/greater than 0.3π/−0.3π, for pixels inside an artery/vein respectively, and then increasing/decreasing them by 2π.
The cCSF ( Figure 2C ,D) and the aCSF ( Figure 2E ,F) were segmented on the PC images with Venc = 15cm/s. The CSF contours were drawn on the phase image corresponding to the time point with the highest caudal flow velocity ( Figure 2D ,F), as this shows the highest contrast. The magnitude image ( Figure 2C ,E) was used to increase the confidence of the contours. For every pixel inside the segmented vessels or the CSF, and for every time point, the phase value was corrected by the offset subtracting the average phase of the stationary tissue ROIs, then it was corrected by the aliasing, and finally it was mapped to velocity. According to Siemens convention, positive CSF flow corresponds to the cranial direction, negative CSF flow corresponds to the caudal direction. The flow rate (in ml/s) was computed for each time point, based on the mean velocity and the cross sectional area of the corresponding structure. The flow data were processed with FlowQ software, an in-house program written in MATLAB (The Mathworks, Natick, MA, USA), with the methods described in [25] by a single trained examiner. Briefly, for every PC sequence, the processing consisted in manually drawing two kinds of regions of interest (ROIs) on the magnitude and phase images. The first one was placed in the structures of interest for their flow quantification, and the second one consisted of at least three ROIs in stationary structures near to the structure of interest, for the estimation and removal of the phase offset. The IJVs, vertebral veins (VVs), deep cervical veins (DCVs), internal carotid arteries, and vertebral arteries were segmented on the PC images with Venc = 60 cm/s (Figure 2A,B) ). The contours were drawn in the first time point and copied for every time point in the CC, manually adjusting them if needed. When we visually detected a ROI that was affected by phase aliasing, pixel phase values were corrected with the algorithm described in a previous work [26] . Briefly, the FlowQ software performs phase unwrapping evaluating the phase value inside the vessel during the whole CC, detecting the phase values lower/greater than 0.3π/−0.3π, for pixels inside an artery/vein respectively, and then increasing/decreasing them by 2π.
The cCSF ( Figure 2C ,D) and the aCSF ( Figure 2E ,F) were segmented on the PC images with Venc = 15cm/s. The CSF contours were drawn on the phase image corresponding to the time point with the highest caudal flow velocity ( Figure 2D ,F), as this shows the highest contrast. The magnitude image ( Figure 2C,E) ) was used to increase the confidence of the contours. For every pixel inside the segmented vessels or the CSF, and for every time point, the phase value was corrected by the offset subtracting the average phase of the stationary tissue ROIs, then it was corrected by the aliasing, and finally it was mapped to velocity. According to Siemens convention, positive CSF flow corresponds to the cranial direction, negative CSF flow corresponds to the caudal direction. The flow rate (in ml/s) was computed for each time point, based on the mean velocity and the cross sectional area of the corresponding structure. 
Flow Data Analysis
Flow data and statistical analysis were undertaken using in-house algorithms written in Matlab (Mathworks, Natick, Mass) and R (R Core Team (2013). R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria). Arterial flow rate was computed as the sum of the flow in the internal carotid and vertebral arteries and the venous flow rate as the sum of the IJV, VV, and DCV flow rates. The arterial, venous, cCSF and aCSF flow rate signals were resampled to 32 data points over the CC ( Figure 2G ,H). For each fluid, the flow rate caudal and cranial peak amplitudes were computed. The pulsatility index (PI) and the resistance index (RI) [27] were calculated as the difference between systolic and diastolic peaks normalized by the mean or the systolic peak flow rate, respectively. For the CSF, we computed a caudal and a cranial RI, normalizing by the systolic or diastolic peak, respectively. The cCSF and aCSF stroke volumes (i.e. the average CSF volume displaced throughout the CC) were calculated by averaging the absolute positive and negative flow rate integrals [28] . The arteriovenous delay (AVD) between the peaks in the arterial and inverted venous flow rate signals was also computed [29, 30] .
Statistical Analysis
The mean and median values across the subjects were computed for all the continuous variables. 
Flow Data Analysis
Flow data and statistical analysis were undertaken using in-house algorithms written in Matlab (Mathworks, Natick, Mass) and R (R Core Team (2013). R: A language and environment for statistical computing. R Foundation for Statistical Computing, Vienna, Austria). Arterial flow rate was computed as the sum of the flow in the internal carotid and vertebral arteries and the venous flow rate as the sum of the IJV, VV, and DCV flow rates. The arterial, venous, cCSF and aCSF flow rate signals were resampled to 32 data points over the CC ( Figure 2G ,H). For each fluid, the flow rate caudal and cranial peak amplitudes were computed. The pulsatility index (PI) and the resistance index (RI) [27] were calculated as the difference between systolic and diastolic peaks normalized by the mean or the systolic peak flow rate, respectively. For the CSF, we computed a caudal and a cranial RI, normalizing by the systolic or diastolic peak, respectively. The cCSF and aCSF stroke volumes (i.e., the average CSF volume displaced throughout the CC) were calculated by averaging the absolute positive and negative flow rate integrals [28] . The arteriovenous delay (AVD) between the peaks in the arterial and inverted venous flow rate signals was also computed [29, 30] .
Statistical Analysis
The mean and median values across the subjects were computed for all the continuous variables. For each subject, multiple linear regression analysis was undertaken using the GLM to evaluate the extent to which the cervical arterial, venous and cCSF flow rate signals (predictor variables) could be used to predict the aCSF signal (response variable). The relative contribution of the predictor variables in predicting the aCSF flow rate was assessed using the relative weights method described by Johnson [31, 32] (see Appendix A for further explanation). This involved creating a series of orthogonal counterparts of the original predictors and applying singular value decomposition to identify the relative importance of the predictor variables with respect to aCSF. The resulting relative weights for the predictor variables were then evaluated using a one-way ANOVA with post-hoc pairwise t-tests, which were Holm corrected for multiple comparisons [33] . Differences between the fit (adjusted r 2 value) achieved by the GLM in the male and female subjects was assessed using an independent two-tailed t-test. For all tests, p values <0.05 were deemed to be significant.
In order to test whether or not the predictive accuracy of the regression models was related to intracranial compliance, the Pearson correlation between AVD [29, 30] and the model adjusted r 2 values were computed for the respective subjects.
Results
Demographic Results
The 13 subjects included in this study were 9 female and 4 males, average age 33.2 years old (SD = 10.6 years; range 20-60 years). Demographics are shown in Table 1 . Female  5004  28  Female  5005  38  Male  5006  32  Male  5007  37  Female  5010  36  Male  5011  30  Female  5012  60  Female  5015  22  Female  5016  28  Female  5031  21  Female  5033  45  Male  5035  23  Female   Mean  33.15  na  SD 10.61 na AVD-arteriovenous delay in milliseconds; cCSF-sv-cervical cerebrospinal fluid stroke volume in microlitres per heart beat; aCSF-sv-aqueductal cerebrospinal fluid stroke volume in microlitres per heart beat; na-not applicable.
Magnetic Resonance Imaging Results
The average and SD (across subjects) of the arterial, venous, cCSF, and aCSF flow rate curves are shown in Figure 3 . The mean value and SD of their peaks, average value, and PI are reported in Table 2 . The pulsatility of the cervical venous flow rate (range -8.89 to −15.71 mL/s; mean (SD) PI = 0.56 (0.23); mean (SD) RI = 0.43 (0.14)) was less (p < 0.001) than that of the arterial flow rate (range 8.36 to 19.59 mL/s; PI mean (SD) = 0.906 (0.224); mean (SD) RI = 0.57 (0.07)), with the cCSF flow fluctuating (range -2.70 to 1.72 mL/s; mean (SD) caudal RI = −1.65 (0.12); cranial RI = 2.58 (0.28)) around a mean flow rate close to zero. The amplitude of the aCSF pulse (range: -0.10 to 0.09 mL/s; mean (SD) caudal RI = −1.95 (0.26); cranial RI = 2.14 (0.34)) was an order of magnitude smaller than the cCSF pulse, with the mean stroke volume of the two being 24.10 (SD = 14.50) µL/beat and 530.80 (SD = 208.00) µL/beat (Table 1) , respectively. The mean AVD was 87.67 (SD = 78.78) ms (Table 1) .
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Data Analysis Results
The results of the correlation analysis, which are presented in Table 3 , reveal a strong negative correlation (mean (SD) r = −0.837 (0.126)) between the arterial and cCSF flow rates over the CC. Conversely; a strong positive correlation (mean (SD) r = 0.763 (0.266)) was observed between the venous and aCSF flows. Moderate correlations were also found between the venous and cCSF (mean (SD) r = 0.621 (0.178)), and venous and arterial (mean (SD) r = −0.601 (0.293)) flow rates, while the remaining correlations were weaker. 
The results of the correlation analysis, which are presented in Table 3 , reveal a strong negative correlation (mean (SD) r = −0.837 (0.126)) between the arterial and cCSF flow rates over the CC. Conversely; a strong positive correlation (mean (SD) r = 0.763 (0.266)) was observed between the venous and aCSF flows. Moderate correlations were also found between the venous and cCSF (mean (SD) r = 0.621 (0.178)), and venous and arterial (mean (SD) r = −0.601 (0.293)) flow rates, while the remaining correlations were weaker. Multiple linear regression analysis (Table 4) The relative importance weights of the aCSF signal predictor variables are presented in Table 4 . These reveal that the venous flow rate was the strongest predictor (F = 7.86 (df = 2 & 36), p = 0.001). Post-hoc t-tests subsequently revealed that the relative weight of the venous flow rate (48.886 ± 20.415) was significantly higher compared to that of the arterial (20.721 ± 22.027, p = 0.001) and cCSF signals (30.393 ± 10.705, p = 0.030).
Discussion
The principal finding of the study is that the motion of the aCSF pulse can be accurately predicted using the arterial, venous and cCSF flow rates in the neck and a simple linear regression model (i.e., GLM). An exemplificative typical subject (subject 5005) is shown in Figures 1 and 2 , where the arterial, venous, cCSF ( Figure 2G ), aCSF ( Figure 2H ) and predicted aCSF ( Figure 2H ) flow rate curves are shown. The venous morphology is also shown, with the subject's coronal TOF MIP (Figure 1C) , where the Appl. Sci. 2019, 9, 2131 8 of 15 symmetric IJVs are well visible. Given that the cranium is a rigid container filled with incompressible gels (i.e., the brain parenchyma) [18] and fluids (i.e., blood, CSF and interstitial fluid), it is perhaps not unexpected that the craniospinal fluid system should behave in a linear manner. Like all hydraulic systems involving rigid vessels and incompressible fluids, one would expect expansion in one fluid component within the system to have an instantaneous effect on the other fluid components in the system. Therefore, it is to be expected that motion of the aCSF will be influenced by the characteristics of the fluids entering and leaving the cranium via the neck. Indeed, it has been shown that the volumetric changes in the various fluid compartments of the intracranial space can be computed using fluid flow rates in the vessels of the neck [20] . As such, our finding that the GLM can be used to predict aCSF appears to support the opinion that the intracranial fluidic system behaves in a broadly linear manner.
In our study, we found that the median adjusted r 2 value for the model was 0.857. This implies that, on average, approximately 86% of the variance in the aCSF pulse could be explained by the cervical arterial, venous and cCSF flow rates. While this demonstrates that the behaviour of the system is broadly linear, it is noticeable that about 14% of the variance in the cCSF remained unexplained, suggesting that other, possibly non-linear, factors may influence the dynamics of the cCSF pulse. Chief amongst these is the presence of compliance in the system, as indicated by the presence of an AVD between the arterial blood entering the cranium and the venous blood leaving it (Table 1) , which in healthy adults has been reported as 89 ± 40 ms [29] , very similar to the value of 87.7 ± 78.8 ms observed in our study (p = 0.97). Although intracranial compliance is not fully understood, it is thought that it is strongly influenced by compliance in the spinal column [34] and also by the characteristics of the cerebral venous drainage system [12, [35] [36] [37] . Although the cranium contains incompressible fluids and gels, it is not a closed system, because venous blood can freely exit the cranium via the IJVs and VVs-something that imparts a functional compliance to the whole system. However, if the venous drainage pathways become constricted, then blood will tend to accumulate in the cerebral veins [17] causing the brain parenchyma to become stiffer [2] and intracranial compliance to decrease. Given also that constricted IJVs have been associated with increased aCSF pulsatility [2] , it is perhaps not surprising that the variable importance analysis (Table 4) found the cervical venous flow rate signal to be the best predictor of the aCSF pulse. As such, this supports the findings of Lagana et al. [20] who observed that the motion of the aCSF pulse was strongly correlated with accumulation of venous blood in the cranium. It also reinforces the opinion [12, 38] that the cerebral veins play an important role in the regulation of the dynamic intracranial equilibrium.
While most of the subjects in our study exhibited similar characteristics with regard to the performance of the linear model, it is noticeable that for a couple of individuals (subjects 5010 and 5031) the explained variance (i.e., the adjusted r 2 value) was much lower than the median adjusted r 2 value for the whole study cohort. For example, with subject 5031 the GLM was only able to explain 29.5% of the variance in the aCSF pulse, which was much less than that explained in the other subjects. If we compare subject 5031 (a 21 year old female- Figure 4 ) with a typical individual such as subject 5005 (a 38 year old male- Figure 2) , for whom the model explained 88.4% of the variance, it can be seen that the arterial systolic peak was much greater in subject 5031 than in subject 5005. Also the venous flow rate profile in subject 5031 was atypical, with the venous diastolic 'peak' (i.e., the minimum value in the inverted venous signal shown in Figures 2G and 4A ) occurring much earlier in the CC in subject 5031 compared with subject 5005. Furthermore, subject 5031 exhibited a somewhat atypical aCSF flow rate profile ( Figure 4B ) compared with subject 5005 (Figure 2H ), who was more representative of the study cohort. Having said this, both subjects exhibited venous morphologies that appeared normal (Figure 1B,C; and Figure 4C ). Noticeably however, the AVD for subject 5031 was 151.6 ms, while it was only 89.9 ms for subject 5005, indicating that intracranial compliance was much greater in the former compared with the latter. While the increase in intracranial compliance provides a plausible explanation for the poor prediction performance of the model in subject 5031, it should be noted that we found no correlation between AVD and model adjusted r 2 value in the study cohort as a whole. Therefore, we cannot be certain that the observed model performance in subject 5031 is directly attributable to the increase in the AVD as other unobserved factors might be at work. subject 5031 was 151.6 ms, while it was only 89.9 ms for subject 5005, indicating that intracranial compliance was much greater in the former compared with the latter. While the increase in intracranial compliance provides a plausible explanation for the poor prediction performance of the model in subject 5031, it should be noted that we found no correlation between AVD and model adjusted r 2 value in the study cohort as a whole. Therefore, we cannot be certain that the observed model performance in subject 5031 is directly attributable to the increase in the AVD as other unobserved factors might be at work. Interestingly, while for most subjects the cervical venous flow rate signal was the best predictor of aCSF pulse, for subjects 5010 and 5031 (the two subjects with the lowest adjusted r 2 values) it was the cCSF signal that was the dominant predictor ( Table 4 ). As such, this suggests that venous anomalies might have contributed to the lower r 2 values observed for these subjects. Indeed, subject 5010 was found to have turbulent and low flow in the left IJV ( Figure 5A ), as well as a particularly high aCSF stroke volume of 51 µL/beat (Table 1) . By contrast, no morphological venous abnormalities were observed in subject 5031 ( Figure 4C ), although the profile of the venous flow signal in Figure  4A was atypical. While the reasons for this atypical behaviour are unknown, given that 70% of the intracerebral blood volume lies within the veins [39] and that these are thought to play an important role in regulating cerebral compliance [12, [35] [36] [37] , it may be that the changes in the dynamics of the cerebral venous drainage system contributed to the low adjusted r 2 value in this subject. Intracranial compliance is dependent on the cerebral venous drainage system, which because it is 'open' allows fluid to move out of the cranium [36] . This process is however mediated by the interaction between the CSF and the cortical bridging veins in the subarachnoid space, which regulates the accumulation of venous blood in the cranium [20] . If for any reason this mechanism should become impaired, then it has the potential to alter both the dynamics of the intracranial fluidic system and the compliance of the intracranial space. However, while changes in the venous system may have contributed to the observed results for subjects 5010 and 5031, further work will be required to fully explain why the r 2 values observed for these subjects were appreciably lower than for the other subjects. Notwithstanding this, it should be noted that the low turbulent flow in the left IJV of subject 5010 would have resulted in a less precise PC MRI flow estimate for this vessel, something that might have contributed to a less accurate prediction of the aCSF pulse in this subject. With regard to this, it is noticeable that for subject 5006, who exhibited extensive collateral veins and posterior veins but no turbulence ( Figure 5B) , the model adjusted r 2 value was 0.894 (Table 4) , further suggesting that the presence of turbulent flow might have a detrimental effect on the predictive accuracy of the aCSF model. Interestingly, while for most subjects the cervical venous flow rate signal was the best predictor of aCSF pulse, for subjects 5010 and 5031 (the two subjects with the lowest adjusted r 2 values) it was the cCSF signal that was the dominant predictor ( Table 4 ). As such, this suggests that venous anomalies might have contributed to the lower r 2 values observed for these subjects. Indeed, subject 5010 was found to have turbulent and low flow in the left IJV ( Figure 5A ), as well as a particularly high aCSF stroke volume of 51 µL/beat (Table 1) . By contrast, no morphological venous abnormalities were observed in subject 5031 ( Figure 4C ), although the profile of the venous flow signal in Figure 4A was atypical. While the reasons for this atypical behaviour are unknown, given that 70% of the intracerebral blood volume lies within the veins [39] and that these are thought to play an important role in regulating cerebral compliance [12, [35] [36] [37] , it may be that the changes in the dynamics of the cerebral venous drainage system contributed to the low adjusted r 2 value in this subject. Intracranial compliance is dependent on the cerebral venous drainage system, which because it is 'open' allows fluid to move out of the cranium [36] . This process is however mediated by the interaction between the CSF and the cortical bridging veins in the subarachnoid space, which regulates the accumulation of venous blood in the cranium [20] . If for any reason this mechanism should become impaired, then it has the potential to alter both the dynamics of the intracranial fluidic system and the compliance of the intracranial space. However, while changes in the venous system may have contributed to the observed results for subjects 5010 and 5031, further work will be required to fully explain why the r 2 values observed for these subjects were appreciably lower than for the other subjects. Notwithstanding this, it should be noted that the low turbulent flow in the left IJV of subject 5010 would have resulted in a less precise PC MRI flow estimate for this vessel, something that might have contributed to a less accurate prediction of the aCSF pulse in this subject. With regard to this, it is noticeable that for subject 5006, who exhibited extensive collateral veins and posterior veins but no turbulence (Figure 5B) , the model adjusted r 2 value was 0.894 (Table 4) The dynamics of the aCSF pulse are an issue of clinical importance. Increased amplitude of the aCSF pulse has been shown to be associated with MS [3] [4] [5] [6] [7] , NPH [8] [9] [10] [11] [12] [13] , and early-stage WM changes [14, 15] . However, the mechanism linking aCSF pulse dynamics with these pathologies is poorly understood. Because the phenomenon has been linked with an increase in the 'stiffness' of the brain tissue [2] , it may be that increased aCSF stoke volume is a sign that the cerebral windkessel mechanism [40] [41] [42] , which regulates blood flow through the parenchyma, has become impaired [43] . Impairment of the windkessel mechanism has been shown to occur with bilateral compression of the IJVs, resulting in increased pulsation in the pial arteries [44] . This has been linked with WM changes in elderly individuals, with increased pulsatility in the parenchymal vascular bed associated with WM microstructural changes [15] , small vessel disease [45] and leukoaraiosis [43] . Increased aCSF stroke volume might also be associated with transependymal seepage of CSF into the parenchyma, reversing the normal direction of flow [46] . Being a semipermeable barrier between the brain parenchyma and the CSF in the ventricles [47] the ependymal wall is vulnerable to disruption [46] . Indeed, in NPH patients the periventricular tissue is characterized by disruption of the ependyma, and by oedema, neuronal degeneration, and ischemia [48] . In patients with communicating hydrocephalus transependymal CSF resorption appears to be associated with caudal-to-cranial net aqueductal flow, whereas the direction is cranial-to-caudal in healthy individuals [12] . Collectively, this highlights the need to better understand the dynamics of the aCSF pulse and its role as an indicator neurological well-being. As such, there is a need for new methodologies, such as the statistical linear model outlined above, which evaluate the aCSF pulse, so that a better understanding can be gained of its behaviour in relation to changes in the cervical arterial, venous and CSF flows.
It should be noted that the present work was intended to be a 'proof-of-concept' pilot study designed to test the validity of the statistical linear model presented above. As such the study was subject to a number of limitations. Chief amongst these was the small size of the study cohort. Although we found that the model could predict the motion of the aCSF pulse with a high degree of accuracy (r 2 > 0.85) for the most of the healthy subjects in this pilot study, further work, involving a larger cohort, will be required to confirm this finding. Furthermore, because only four male subjects were recruited to the pilot study, it was not possible to undertake any meaningful statistical comparison between the sexes, as this analysis would have been grossly statistically underpowered. Therefore, it is recommended that in future studies sufficient numbers of males and females be recruited in order to make comparisons between the sexes. More work will also be required to evaluate the clinical potential of the linear model. In particular, it is important to understand why The dynamics of the aCSF pulse are an issue of clinical importance. Increased amplitude of the aCSF pulse has been shown to be associated with MS [3] [4] [5] [6] [7] , NPH [8] [9] [10] [11] [12] [13] , and early-stage WM changes [14, 15] . However, the mechanism linking aCSF pulse dynamics with these pathologies is poorly understood. Because the phenomenon has been linked with an increase in the 'stiffness' of the brain tissue [2] , it may be that increased aCSF stoke volume is a sign that the cerebral windkessel mechanism [40] [41] [42] , which regulates blood flow through the parenchyma, has become impaired [43] . Impairment of the windkessel mechanism has been shown to occur with bilateral compression of the IJVs, resulting in increased pulsation in the pial arteries [44] . This has been linked with WM changes in elderly individuals, with increased pulsatility in the parenchymal vascular bed associated with WM microstructural changes [15] , small vessel disease [45] and leukoaraiosis [43] . Increased aCSF stroke volume might also be associated with transependymal seepage of CSF into the parenchyma, reversing the normal direction of flow [46] . Being a semipermeable barrier between the brain parenchyma and the CSF in the ventricles [47] the ependymal wall is vulnerable to disruption [46] . Indeed, in NPH patients the periventricular tissue is characterized by disruption of the ependyma, and by oedema, neuronal degeneration, and ischemia [48] . In patients with communicating hydrocephalus transependymal CSF resorption appears to be associated with caudal-to-cranial net aqueductal flow, whereas the direction is cranial-to-caudal in healthy individuals [12] . Collectively, this highlights the need to better understand the dynamics of the aCSF pulse and its role as an indicator neurological well-being. As such, there is a need for new methodologies, such as the statistical linear model outlined above, which evaluate the aCSF pulse, so that a better understanding can be gained of its behaviour in relation to changes in the cervical arterial, venous and CSF flows.
It should be noted that the present work was intended to be a 'proof-of-concept' pilot study designed to test the validity of the statistical linear model presented above. As such the study was subject to a number of limitations. Chief amongst these was the small size of the study cohort. Although we found that the model could predict the motion of the aCSF pulse with a high degree of accuracy (r 2 > 0.85) for the most of the healthy subjects in this pilot study, further work, involving a larger cohort, will be required to confirm this finding. Furthermore, because only four male subjects were recruited to the pilot study, it was not possible to undertake any meaningful statistical comparison between the sexes, as this analysis would have been grossly statistically underpowered. Therefore, it is recommended that in future studies sufficient numbers of males and females be recruited in order to make comparisons between the sexes. More work will also be required to evaluate the clinical potential of the linear model. In particular, it is important to understand why certain individuals, such as subject 5031, who otherwise appeared healthy, should behave in such an atypical manner. It may be that in these individuals the model is identifying signs of early-stage structural changes in the intracranial fluid dynamics, which might ultimately lead to a pathology. If this is the case then the model may have considerable potential as a diagnostic tool. Further work is also needed to better understand the intracranial fluid dynamic changes that occur in MS and NPH patients. In both these conditions the amplitude of the aCSF pulse has been shown to markedly increase [4, 5, 12, 13] and it may be that the linear model might be able to shed new insights into the altered fluid dynamics associated with these neurological diseases.
Conclusions
In this pilot study we have shown that it is possible in healthy individuals to predict the motion of the aCSF pulse with a high degree of accuracy (median r 2 = 0.857) using arterial, venous and CSF flow rate data acquired from vessels in the neck and a simple linear model. This indicates that the intracranial fluidic system behaves in a broadly linear manner. Furthermore, we have been able to show that cervical venous flow rate is the most influential predictor of the aCSF pulse. As such, our findings support those of other researchers [2, 16, 20] , all of whom suggested a biomechanical link between the CSF pulse in the AoS and the cerebral venous drainage system. Notwithstanding this, the study was limited by its small cohort size and therefore further work will be required involving a larger sample size to confirm our findings.
where Z X is a best fitting approximation of X, which minimizes the residual sum of squares between original variables and the new orthogonal variables [32] .
Using the Moore-Penrose pseudoinverse algorithm [49] , it is possible to regress the standardized response variable (Y) onto the new set of orthogonal predictor variables (Z X ) to obtain a new set of orthogonal regression coefficients (B), as follows:
Likewise, the original standardized correlated variables (X) can be regressed onto their orthogonal counterparts (Z X ), as follows:
where Q is a [j x j] matrix of regression coefficients of X on Z X . In order to estimate the proportionate contribution that any particular variable X j makes to Y, we simply multiply the squares of Q and B together, and divide by the sum of the squares of B, as follows:
This produces a vector of absolute weights for the original variables (W abs ), which can be expressed as relative weights (W rel ) (i.e., as a percentage contribution to the overall r 2 value of the model), as follows:
In summary, the relative weight approach enables the proportionate contribution that each predictor variable X j makes to the prediction of Y to be determined, by multiplying the proportion of variance in each orthogonal Z xj accounted for by X j by the proportion of variance in Y accounted for by Z xj and then summing these products [31, 32] .
